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Objectives

The control of the type | error during trials designed to establish drug efficacy is critical to avoid unnecessary and unethical studies. To analyse such
studies, the standard (STD) non-linear mixed-effect models (NLMEM) have good power properties’?, but unsatisfactory type | error
control because of model misspecifications and bias in drug effect estimates. \We used real placebo data to explore a new NLMEM
approach using mixture models, called individual model averaging (IMA)3, comparing its type | error rate sensitivity to model
misspecification and its bias in drug effect estimates to the STD NLMEM approach.

Methods

Real placebo data ch el I N No treatment information
 Likert pain score (categorical data) from 230 patients with neuropathic §< STD—placebo model ~ OF Viase N

pain receiving placebo*> 2 IMA=mixture placebo/placebo+drug N LRT tests
« ADAS-Cog (continuous data): severity test from the natural history of 800 M | 2

patients with Alzheimer’s disease® [~ N=1000 random assignations (1:1) 5

( 0 o]

Patients were randomized (1:1) to artificial placebo or drug treatment 3; . =
(TRT). The type | error rate is the frequency with which the full model (TRT E< || Using treatment as covarlate N OFV
as covariate, H,) is significant («=0.05) relative to the base model (no TRT E | STD=placebo+-drug model Jull = Accept Ho Reject Ho
information, H,) according to the likelihood ratio test (LRT). | 1 | IMA=mixture placebo/placebo+drug

-y Figure 1: Workflow used to compute the type | error
Table 1: Description of the base and full models for each approach

Table 2: Computation of the median drug effect

Base model Full model
Drug model Drug effect parameterization Median drug effect
STD BASE + PLB BASE + PLB + DRUG * TRT 9 g P 9
_ _ Offset BASE + PLB + Hdrug (HMIX * 2 — 1) * Hdrug
Mixture 1: BASE + PLB and mixture 2: BASE + PLB + DRUG , ot e
- - o : 1 : Linear with time BASE + PLB + 6 * t (Oyx *2—1) %6 * t
IMA | Mixture probability set to randomization:| Mixture probability estimated: Likert pain score data drug MIX drug = “last
P(2)=1-P(1) P(2)=1-P(1) ADAS-cog data BASE + PLB + 04y * PLB (Omix * 2 — 1) * Ogpyy * PLB
BASE: baseline model, PLB. placebo model, DRUG : drug effect model, 8y1x: mixture probability, TRT: BASE: baseline model, PLB: placebo model, 04,,,: drug effect parameter; 0,x: mixture probability (set to 1
treatment allocation (0 for placebo and 1 for treatment). for the standard approach), t,,..: time at the end of the study.
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Drug models Drug models Figure 3: Bias in drug effect estimate facetted by placebo models for categorical
Type lerror [ 307 0 o B e T data (bottom panel) and continuous data (top panel)
Figure 2: Type | error rate comparison between the two approaches with
categorical data (left panel) and continuous data (right panel) Standard approach

A pronounced bias Iin the median drug effect occurs for many
drug/placebo model combinations. It is typically larger when the drug
effect model contains inter-individual variability (iiv).

Standard approach
The type | error is very sensitive to model misspecifications: low only
when the drug model offer little opportunity to improve the fit in the

presence of placebo model misspecification.
IMA approach

None of the placebo/drug combination tested had biased median drug

IMA approach | Uy MU
estimate and the precision is slightly better than the STD approach.

The type | error is controlled for both categorical and continuous data («
=0.05), and often below «a, especially with the ADAS-cog data.

Conclusions

o IMA has a better type | error control and is more robust towards misspecifications in the placebo model.
o IMA consistently provided unbiased estimates of drug effect, whereas the standard approach did not.
o IMA seems a promising method to address the drawbacks from the standard NLMEM approach to analyse efficacy trials
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3More results (including power) with simulated




